Genetic relationships between yield and type traits were investigated using multiple-trait REML procedures with an animal model. Computing strategies were developed to deal with large populations and numbers of traits. 
INTRODUCTION
The primary emphasis in dairy cattle selection is for yield traits because highest producing cows usually are more profitable (1). In general, profitability will be even higher if cows produce large quantities of milk in routinely initiated lactations while also remaining functionally sound. Selection on yield traits alone could decrease merit for other traits. Selection emphasis on type traits associated with increased herdlife may be beneficial to decrease involuntary culling and increase profitability (16). One of the primary reasons for collecting and utilizing information on type is to aid breeders in selecting profitable, functional cows so that early culling for causes unrelated to yield (involuntaq culling) can be avoided.
Since 1983, the Holstein Association has collected data on 14 type traits scored on a linear scale (18) as well as overall confoma- Visscher and Thompson (22) state that SM accounts for the male genetic variation, whereas AM takes both male and female genetic variation into account. If selection intensity for males were greater than for females, the male genetic variance would be smaller. Subsequently, SM might underestimate genetic variability and, thus, lead to poor estimates of genetic parameters, even with large data fiies.
The AM estimates of genetic parameters also could be useful in genetic evaluation systraits only.
tems. Many genetic evaluation programs, inside and outside the US, have changed or are changing from SM to AM. It appears desirable that the parameters for these evaluations be derived from the same model as that used in the evaluation, i.e., AM.
Estimates of genetic correlations between yield and type traits by an AM were not available, and current computing algorithms for multitrait REML were inadequate to process the large numbers of animals needed to estimate these parameters with sufficient accuracy. Objectives of this study were to develop an efficient algorithm to estimate genetic parameters with an AM and to apply this algorithm to multitrait yield and type data
MATERIALS AND METHODS

Data
Data were from primiparous Holstein cows in every third herd enrolled continuously be- Table l .
Model
The linear mixed model used was
where y is a 20,836 x 18 matrix of records; h is a 2358 x 18 matrix of fixed contemporary groups; u = a + Qg is a 28,779 x 18 random matrix of total genetic merit effects; a is a 28,779 x 18 matrix of additive genetic animal effect; g is a 23 x 18 matrix of unknown parent p u p s ; e is a 20,836 x 18 random matrix of residual effects; H and Z are incidence matrices relating h and u to y, respectively; and Q is an incidence matrix relating and residual effects were treated as random with variances G Q A and E 8 I, respectively; G and E denote covariance matrices among the 18 traits for the animal and residual effects, respectively; A denotes additive genetic relationship among the animals; and 8 denotes Kronecker product.
animals to unknown parent groups. Animal
Computational Strategy
The estimates of G and R were obtained by multiple-trait REML using a canonical transformation (6). After the transformation, singletrait estimates were obtained using a sparse matrix solver modified for the efficient use of the supercomputer (12). Standard errors of the estimates of variance components were approximated as in VanRaden (19); however, the accuracy of this approximation for AM has not been detennined.
Three techniques were used to reduce the cost of computations approximately 500-fold, which made the computations feasible. First, the trace function was tabulated from relatively few points, to avoid inverting the coefficient matrix many times. Subsequent references to that function were by interpolation or extrapolation. Second, to reduce the inversion central processing unit (CPU) time, columns of the is prohibitively CPU expensive for matrices of order greater than 5000, even on supercomputers. Figure 1 Because the trace function is continuous and smooth, it can be interpolated or e x t r a p lated from a small set of points, which can be computed explicitly. High accuracy of the approximated trace is important because even small errors in the value of the trace can cause large differences in the value of the REML estimates. For example, in this study, W rences in approximated traces on the fourth signiiicant digit caused differences in estimates of variance components on the second si@-cant digit. The spline functions did not p m duce adequate accuracy for the interpolation or extrapolation. Much higher accuracy was obtained using the function that resembles EM-Type Formulas. In our experiments, the EM REML formula (2) was very slow and did not converge in 500 rounds. The of p, which should reflect approximately the proportion of error variance in the expectation of a'A-la. For p = 0, the algorithm is the same as that given by HarviUe (5). For < 0, it is slower, and it diverges for B Z 1. In SM, choices of 6 5; .95 were found to give good convergence (19) . In AM, the optimal value of p was between .5 and .8; an average value of .6 was best in this study.
RESULTS AND DECUSSION
The computation of the 33 trace points took 8 h of CPU time on a Cray-2 (Cray Research Inc., Minneapolis, MN) supercomputer. After 100 iterations of applying canonical transformation, computing solutions, and calculating new values for variances and covariances, which took another 10 h of CPU time, the estimates of G and R were changing less than .014% on average in one round, and computations were terminated.
Estimates of heritability, genetic and residual variances, and standard errors are in Table   2 These estimates were higher than most other estimates of heritability using the SM (10).
possibly indicating a large diffemce in selection intensities between males and females (22). Higher values for heritabilities in this study could also result from the use of registered animals only and from accounting for genetic levels of unknown parents. For comparison, in a study using an intraherd AM in which herds were stratified by yield level, heritabilities for milk and fat were .37 and .42 in the highest producing herds, respectively (21) . Heritabilities for the type traits were generally slightIy higher than those obtained in independent studies (17, 20), indicating smaller differences in selection intensities for these traits between cows and sires (22). Largest differences between estimates obtained stein Association genetic evaluations (20) were .06 for fore uddar attachment and .05 for udder cleft.
Genetic and residual correlations between the yield and type traits are in Table 3 . Genetic correlations among linear type traits were similar to those reporred by VanRaden et aL (20) ; the largest difference in absolute magnitude in this study and t h~ currently used in Hol-was -33 for the correlation between udder depth and rear udder width. Seven traits had genetic correlations with yield traits greater than .20 (absolute value) and only 4 traits had genetic correlations with yield greater than .30. Genetic correlations between milk yield and type traits ranged from -.44 (udder depth) to .59 for dairy form. Genetic correlations between udder depth and other udder traits were similar to those reported in other studies (8, 9, 20) . Final score was most highly correlated with fat yield (.33). Correlations of type traits with fat and protein yields were similar to those with milk yield, except that they tended to be slightly larger in magnitude. Singletrait selection for milk yield would result in deeper udders with more loosely attached fore udders. Traits associated with body size would be least affected by selection for milk yield.
Response to Selection for Milk Yield
Using parameter estimates obtained for yield and type traits, correlated responses in type traits were calculated assuming a specified response to selection for milk yield Obtaining a 4525-kg response (increase) in milk yield, which could occur over a 25-yr period, would increase dairy form 10.8 points, body depth 3.1 points, rear udder width 4.6 points, and decrease udder depth and fore udder attachment 4.4 and 4.9 points, respectively. Correlated change for udder depth and fore udder attachment is in an undesirable direction.
A restricted index was also used to calculate maximum response in milk yield while maintaining udder depth at its current value. Using the restricted index would result in a 15% decrease in genetic gain for milk yield. Standardized weights for milk yield and udder depth are 70:30, or approximately a 2:l ratio, which is equivalent to current weights in the Type-Production Index (15).
CONCLUSION
selection for milk yield would cause deterioration in some conformational traits. The udder traits would be those most affected. Selection to maintain udder depth would decrease progress for milk yield by about 15%.
Estimation of variance components by REML procedures for a multitrait AM is computationally feasible for data containing up to 30,000 animals. The computer cost expene n d in this study could have been fuaher redud with several Programming changes. For exampIe, the solutions to the mixed model equations could be obtained using robust iterative methods. Use of the JCG method in ITPACK (7) resulted in a fivefold reduction of the iteration time, provided that the coefficient matrix was not restricted to full rank as is required by SMPAK (7). The inversion time could decrease 50 times if only selected elements of the inverse were computed from the sparse factors of the coefficient matrix (3). Use of such techniques might allow the results presented here to be computed on a workstation or fast personal computer or allow much larger populations to be analyzed on a supercomputer.
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